The rate of land-use conversion from forest to nonforest or natural forest to forest plantation is of interest for forest certification purposes and also as part of the process of assessing forest sustainability. Conversion rates can be estimated from remeasured inventory plots in general, but the emphasis here is on annual inventory data. A new estimator is proposed based on analysis of plot-level variables that indicate when a change in forest condition occurs between inventory remeasurements. A weighted maximum likelihood estimator is derived that incorporates the binomial nature of the indicator variables, mapped plot conditions, and varying remeasurement periods. Example applications demonstrate the utility of the proposed methodology. This approach is broadly useful for estimating the annual rate of change from an initial condition to another condition from annual forest inventory data.
Introduction
Sustainable forestry practices are meant to ensure that forests are managed for an even flow of products and other forest amenities (Brand 1997; Hall 2001; Rametsteiner and Simula 2003; Cashore et al. 2004; Hansen et al. 2006) . As part of a certification process, it may be necessary to estimate the rate at which natural forest is being converted to nonforest or forest plantation. In general, it may be important to estimate the rate of change from a particular preferred condition to a less desirable condition, or vice versa.
Remeasured forest inventory plots provide a data source for estimating conversion rates. A portion of remeasured plots will be on natural forest land that is converted to nonforest or plantation. These plots provide the data required to estimate conversion rates, but new statistical methodology is required. We develop a statistical procedure that encompasses the distributional properties of variables that indicate when plots have changed. We also take into consideration the fact that not all plots are remeasured at the same interval and that plot mapping requires differential weighting of the input data. Plot mapping involves partitioning a plot into different conditions. The conditions may be defined by forest type, stand density, dominant tree age, or a number of other characteristics. Mapping sometimes results in plots being partitioned into small slivers. Clearly, a sliver should have less influence on parameter estimates than a full plot. This issue is addressed by weighting the results according to mapped plot size proportions.
A weighted maximum likelihood solution algorithm is developed to provide conversion rate estimates that incorporate the special characteristics of an annual forest inventory. The method is demonstrated with an application to publicly available USDA Forest Service Forest Inventory and Analysis (FIA) data (Bechtold and Patterson 2005 ; US Department of Agriculture, Forest Service 2005).
A statistical model
Consider the following model for an indicator variable, I i,t , for plot i at time t and its relationship to an underlying annual conversion probability, P,
where e i,t is an error term that does not follow the normal distribution. The indicator, I i,t , changes from 0 to 1 when the status of the condition of interest on the point changes.
The status change might be from forest to nonforest or from natural forest to plantation forest. Therefore, P represents the annual conversion rate from one state to another state, conditional on the plot having been in the first state when the inventory started. The developments that follow are based on the assumption that the beginning and ending states of the forest inventory plots are known. No provision is made for plots that might have transitioned out of and then back into the initial state. A similar equation is presented elsewhere (Van Deusen 2004) for continuous variables where the expected amount of the variable on plot i is proportional to a i , the proportion of the plot in the condition of interest. For example, if a i = 0.5, then we expect to have half as much volume present as would be present on a full plot in the same condition. However, the E(I i,t ) is assumed to be independent of the proportion of the plot in a particular condition. The effect of a i is incorporated in the weighted likelihood function described below.
These methods can also be applied to inventory systems that do no follow the FIA paradigm. Plot mapping is not often used for non-FIA inventories. This discrenpancy can be accounted for by setting a i = 1 in the formulas that follow.
Distribution of observed indicators
The complete indicator data set for plot i at time t is a sequence of zero and ones that is measured at the beginning and end of the plot remeasurement period, r i . As such, there will be only two possible observed outcomes. The sequence begins and ends with 0's, or the sequence begins with a 0 and ends with a 1. Call the first sequence or history h0, and the other possibility h1. Note that h1 begins with a 0 and changes to a 1, but it cannot change back to 0. Call the year when it switches from 0 to 1 s i . It is known that 1 s i r i , but the actual year when the plot status changed is typically unknown. The probability of observing h1 if s i is known is
and the probability of observing sequence h0 is
In practice, the complete indicator data are not observed for a plot. However, it is known whether the plot sequence is an h0 history or an h1 history. The unconditional probability of an h1 history is simply 1 -p(h0),
In the remainder of this paper, the actual plot transition times, s i , are assumed to be unavailable. However, they could be easily incorporated if they were available.
Estimation
The unknown annual change rate, P, can be estimated by finding the value that maximizes the observed data likelihood. The plot condition proportion, a i , is incorporated as a weight in the likelihood function, thereby allowing plots where a i is large to have the most influence on the estimate of P. Weighted likelihoods (Wang et al. 2004; Bowater 2004) can be viewed as a generalization of weighted regression and are the vehicle we use to incorporate variable plot sizes for this analysis.
Likelihood function
The weighted likelihood function of the observed set of histories is
where the first product in eq. 5 is over the h0 histories, and the second product is over the h1 histories. Maximum likelihood procedures are typically applied to the log of the weighted likelihood function
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The maximum likelihood estimate is the value where the Jacobian (first derivative) of the weighted log likelihood equals 0. The Jacobian of eq. 6 is
The Hessian (second derivative) of the weighted log likelihood with respect to P is useful for the maximization process and to provide an asymptotic variance estimate. The Hessian of eq. 6 is
The estimated variance of b P is À1=Gð b PÞ, which is the negative of the inverse Hessian (Agresti 1990 ) evaluated at b P.
Newton-Raphson algorithm
The following Newton-Raphson algorithm provides an estimate of P using the Jacobian and Hessian from eq. 7 and eq. 8: where l is a value between 0 and 1 that is used to control the convergence to the maximum likelihood value. The algorithm is applied iteratively. Typically, l starts at 1.0 and is cut in half if L(P (1) ) is not greater than L(P (0) ). The algorithm is deemed to have converged when the change between L(P (1) ) and L(P (0) ) is small. The sign of l can also be periodically changed to ensure that the algorithm does not overshoot the maximum likelihood value. In this case, 0 P 1, and the maximum likelihood estimate cannot be allowed outside of the known range.
Starting value
A initial starting value for the Newton-Raphson algorithm is derived by assuming that there is a common remeasurement period, r. The starting value is found by first replacing r i in eq. 7 with r. The fact that eq. 7 equals 0.0 when evaluated at the maximum likelihood solution is then used, Pð rÞ. This results in
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Pð rÞ ¼ 1 À S 0 S 0 þ S 1 1 r where S 0 ¼ P i20 a i and S 1 ¼ P i21 a i . The example applications use the following estimate for r,
where the summations are over all plots with relevant conditions. Pð rÞ was very close to the final estimate for the example applications.
Application
The rate of conversion from forest to other uses can be estimated from remeasured FIA plots. In addition, conversion from natural forest to plantation forest may be of interest for forest certification purposes (Rametsteiner and Simula 2003) . This interest is due to a concern about continued harvesting in areas where the annual conversion rate is too high. FIA data for Maine, Pennsylvania, and Tennessee are used to estimate conversion rates for each state separately and for the three states combined (Table 1) .
Annual percent conversion estimates (Table 1) are derived from the remeasured FIA plots in each state. At this time, for many growth plots the current measurement cannot be matched with the previous measurement for data privacy reasons. This situation complicates making these estimates, because it is not possible to know whether a plot was previously a plantation. However, it is possible to know that a plot is currently in a plantation. The new plantation plot conditions are assumed to be those conditions that are currently plantation, had some nonzero amount of removals since the last measurement, and had most of those removals from species that are not the current plantation species. Therefore, these estimates are tentative and serve mainly to demonstrate the utility of the methodology.
Similar reasoning is used to estimate the proportion of forest area that was converted to nonforest. The recently converted nonforest plot conditions are those conditions that are currently nonforest, but are assumed to have been previously forested if they had a nonzero amount of removals since the previous measurement. As with the approach for estimating plantation conversion, a more accurate estimate could be obtained if the links to all previous plot measurements were available.
The plots used for this analysis are measured over a range of years. The minimum, maximum, median, mean, and first quartile and third quartile of the available inventory years (Table 2) can be used to assess the years over which the conversion estimates apply.
Conclusions
A method is developed for estimating the annual rate of change from an initial condition to another condition with annual forest inventory data. For example, the method could be used to estimate the annual rate of conversion from forest to nonforest, or from natural forest to plantation forest.
There is no general closed-form solution for the estimator, but a relatively simple maximum likelihood algorithm is described. There is a closed-form solution for the special case where all plots have the same remeasurement period. This result also provides a good starting value for the general maximum likelihood algorithm. Standard errors can also be estimated, but no closed-form solution is provided.
The new method is applied to FIA data from Maine, Pennsylvania, and Tennessee to estimate annual conversion rates from natural forest to plantation forest and to nonforest. These estimates suggest that the annual conversion rate away from natural forest has been nominal for those states over the past decade. However, some links to previous plot measurements were missing from the data. This shortcoming adds some uncertainty to the conversion rate estimates, and therefore the results (Table 1) should be viewed as rough approximations that mainly demonstrate the value of the method. 
